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This paper offers a preliminary aualysis of the

effects of a semi-segregated school system on the IQ's of its
students. The basic data consist of IQ scores for fourth, sixth, and

...8ighth grades and associated environmental data obtained from their

school records, R statistical model is developed to analyze
longitudinal data when both process error and measurement error must
be accounted for. IQ testas are used in this paper as convenient
feasures of a certain kind of performance thought to be important for
success in schools and certain kinds of jobs. Most of the
environmental variables included in the model can be construed to
neasure the nature or degree of contact with mainstream culture. The
data were collected in the summer of 1971 from the cumulative school
records of all students wno had just finished the ninth grade in the
Pittsburgh public school system. The time period examined is nine
years between 1962 and 1970, during which time a proportion of the
group passed from kindergarten to eighth grade in the Pittsburgh
system. IQ tests were administered during this period to children in
kindergarten, fourth, sixth, and eighth grades. The tests
administered were the Detroit (kindergarten), Kuhlmann-Anderson

(fourth grade), Otis Beta PFM
(Author/Jah)

grade).

(sixth grade), and Otis Lennon (eighth
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1. INTRODUCTION

We offer in thls paper a pre-
liminary analysis of the effects of a
seml-segregated school system on the
IQ's of its students. We offer it with
educational policy objectives in mind.
Our basic data consist of 1Q scores for
a panel of children at kindergarten,
fourth, sixth, and eighth grades and
assoctated enviruvnmental data obtained
from their school records. We devela
oped a statistical model to analyze
longitudinal data when both process
error and measurement error must be ace-
counted for., OQur statistical model can
be used on longitudinal data with other
measures than IQq.

We are aware of confusion about
Just what IQ is, or, put another way,
whether IQ is anything but what an IQ
test measures. While we use IQ tests
in this paper, we use them as conve-
nient measures of a certain kind of per-
formance thought to be important for
success in schools and certain kinds of
Jobs. Sanday (1972 a,b,c; 1973) gives a
Sritique of IQ tests. She says that

the content of test items is often
related to experience and learning
which only middle and upper class chil-
dren would be likely to be exposed to"
(sanday 1972 a: 420). This suggests
that the nature and degree of contact
with mainstream culture wouid have an
impact on IQ scores. We interpret our
results with this theory in mind. Most
of the environmental variables included
in our model can be construed to measure
the nature or degree of contact with
mainstream culture.

2. STATISTICAL MODEL

In structuring our model, we
quickly found that we had to distin-
gulsh twc different phenomrira, measure-
ment error (different measures of IQ of
the same person cn successive days) and
process error(individual variability
from our notion of how IQ's develop
and change over time).

We begin with measurement error.

Let Z{ be the 1{-th student's test

[9 score at grade J (J=1 for kinder-
garten, 2 for 4th grade, 5 for 6th

grad?, 4 for 8th grade), and x{ be

the {-th student's true (but unobserv.-
able) IQ score at grade Jj. Then

J _ o J
(1) 2y = X{ +uy,
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.dent's true score.

~ measurement error is.

AND ENVIRONMENTAL
OVER TIME'

)

where ug is the measurement error .
We made the standard assumptions for
u{: if.e., E(u{)=0, E(u{)2==TJ,

33" rtudud o J
E(uiu1 ) -E(uiui,) 0, uy distributed
multivariate normal. In other words the
measurement errcor for each student has

a variance TJ. which causes the test
scores to differ from the true score
but is uncorrelated with any other test
score and is independent of the stu=-
(This concept is
usually referred to as the standard
error of measurement, and

. (15)2(1-r) & 25, where r 1is the
reliability.) Equation (1) ls rather
firmly rooted in our notion of what
Notice that
stopping here gives a model with more
parameivers than data.

The next step in our model speci-
fication is to state how we think the

"true I3's", XJ,

response to the environment and changes
in 1{t. This is done in the following
equations:

change over time in

X{ ~ N(ﬂ{ QJ, ody, J=19

(2)
xf ~ wexd™t 4wl 0dio?), 42,50,

where ﬂ{ is a vector of demographic

and environmental variables such as
race, sex, SES of peersgetc. (discussed

in section 4) and Is a vector of
weights. In other wordsythe stu=
dent's true score centers around the
previous true 14 (except at kinder=
garten) modified by the-effects of demo-
graphic and environmental factors.

What we mean by the above is thut
at kindergarten (before the test) we
have no hard information about the
child's true I) score. Thus we express
our beliefs in the form of a distribu-
tion (normalg with a mean (based on the
demographics) and a variance. For the
other years we also have cpinions on
the child's true IQ sceores. These
center around his previous true unob-
served score plus the effect of ccn-
tacts with the environment since ocur
last estimate,
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Fquaticns (2) are ~ur priors about
the true but unobservable IQ scores for
each student. These pricrs involve pa-
rameters (technically called hyperpa=
rameters) which can be estimated (see
section 3) from the observed data, name-
ly the four IQ scores and the-vector of
demographic and environmental variables.

We are nct completely diffuse about
our knowledge f some of the parameters
of the pricr.  In pa{ticular,we believe
trhat the varlance o is quite large
({.e.,abcut 2°C) since we have 1little
relevant informaticn about the child
befcre he ¢r she enters the school

3

system™\ The variances 02; 0% and ou,
howqyer;zshuuld be much smaller (i.e.,

sompwherg near 2G=30)y since we have
n; t least cne observed test score and
b 2asuyes ¢n a number of variables

which might influence changes from the
previous true score. The model as stated
tcknewledges cur uncertainty about the
uncbservable true I3 score by defining
x{ as a random variable which i{s com-
pletely described (in probability den-
sity terms) only after the fB's and
¢'s are known,

The parameter space for the model
specified by (1) and (2) can be divided
intc two parts, the "true" 19's, which
will be written X, and the structural
parameters g, g, and 1, and it will
be dencted ty =

8- (B gy 1),
Juppese that our prior on § is f(8).
scme has been said about this prior,
Howevery for the argument below, f will
ve left unspecified. The Joint density
of all the cbservations and parameters

is
(%) £(X,8,2) - £(2|X,8) £(X|8)f(8).
Theref.re, using Bayes theorem, the

posterior distribution of the parameters
glven the data is

-~

Je(21%,0)£(X18)£(g)d0dx

X9)f(218)£(8)
|

£ £021%,8)7(X18)(8).

In one sense, the posterior dis-
tribution (4) gives our new opinion,
after taking the data into account,
abcut all the phenomena under study.
Howevery for our data this distribution
is almost impossibly multidimensional,
since ¥ has almost 7000 components and
8 has over 5C components. Therefore, we

distribution of @ given Z:

chose to conslider the marginal posterior

r(gl2) - [relze Ao,
| £(21%,8)£(X18)£(8)dx KN
(5) - £(8) |£(2IX,8)r(XI8)dx

- () £(2]8).

Since f(2]/X,8) is assumed to be normal
and lineaT Tn"the mean in X, and since
f(X|8) is again normal, the above inte-
gral is normal and can be computed by
inspection as follows.
Let
1 1 1.1
€y = X -4y &%

1. ] -
el o -x{™-wl el 2
Then the ¢'s are normal and indepen-
dent with zero mean and variances

(oi, 02, oj. ou). Substituting into (1)

and transforming,

1 1 1 1
zi=ﬁg + ui + ei.
(6)
J-1

ozd - zd -zt owdpd v ud -t

J:?,j,u;

i.e., changes in observed IQ scores are
functions of environmental factors.
Let

4
2i-(2f, Bagy, 2] -28, z)-12)

and
i 1.1 2.2 4 U
m' = (ig', wie®, wle’, Wjsh).
Then
A i
(7) Zj|§ ~7(m, V),
where
71 +°1 -11 0 0
T T +TT 10 =T 0
V= o
| o 2 13492467 1)
0 o} -t 'ru+'r3+o‘+

Notice that (7) performs the integration
in (5) painlessly as the convolution of
.two normal distributions.
. The combination of measurement error
and process error in our model makes it
a special case of models involving un-
observable variables (see Goldberger
%197} , Griliches (1973), and Joreskog
1970), and the references cited there).
One distinction between their approach
and ours is that we can examine the
posterior distribution of the unubserved




variables., Jne way of doing that In
this case {8 to calculate

n
rixlg) - jfr(x,el2)dg

wnd te note that the posterior ¢n the
students' intellipgence: X will be ap=-
preximately Independent over students.
This possibility, although interesting,
i{s not pursued further here.

5. ESTIMATICN

Estimation of the parameter space
0 - (Q,g,v) is based on the fact that
the systefi of equations (6) (or (7)) is
in the form of four seemingly unrelated
regression equations. Were the covari-
ance matrix Y completely general, it
would be exactly in the form studied by
Zellner (19¢2). However the zeros in
the upper-right and lower-left corners
of Y pose a problem not explicitly
considered there.

Zellner proposes that each equation
be estimated separately using ordinary
least squares, ylelding consistent but
asvmptotically inefficient estimates
of the 8's. The residuals from these
regressions can then be used to obtaln
consistent estimates of the covariance
matrix. Finallyyuse of the estimate of
the covariance matrix thus obtained in a
generilized least-squares framework
ylelds consistent and asymptotically
efficient estimates of the §#'s.

Use of tnis method on the system
(6) will also yield consistent and
asymptotically efficient estimates of
the #'s . because the estimate of
will be consistent under the model (6).
Alternatively, using the first round re-
siduals to estimate the diagonal ele- -
ments and elements Jjust off the diagonal
of V, and zero to estimate the other
elements of V, 1is alsu consistent;
hence the resultant 8's from the appli-
cation of generalized least squares also
ar: consistent and. asymptotically effi-
cient. This second alternative seems to
us more in kKeeping with the model, 8so we
estimated it that way.

All the parameters ot the system

(6) are identified exceﬁt fﬂr o and

T . However the sum o + 7 is identi=-

fled. (See Kadane(1972) for an explana-
tion of identified functions on the
parameter space.)

W, IMPLEMENTATION OF THE MODFL

The data were collected in the sum-
mer ~f 1971 from the cumulative school
records of all.students who had Just
finished the ninth grade in tne Pitts-
burgh public school <ystem. The time
period examined {s nine years between
1962 and 1979,during which time a pro-
porticn «f the group passed from Kinder-
garten tc eighth grade {n the Pittsburgh

system. IQ tests were administered
during thls period to children in kindenr
garten, fourth, sixthyand eighth grades.
The tests administered were the
Detr.oit (kindergarten), Kuhlmann-
Anderscn (fourth grade), Otis Beta FM
(sixch grade) and Otis Lennon (eignth
grade). : o
3762 children took at least one IQ
test, and 2,067 children tock »ll four
tests, Thls latter group excludes
children assigned to special education
classes for the slow learner, since such
children are not given these 1) tests
after they are assigned to such classes.
It also excludes children who moved into
or out of the school system. These
students may have been exposed to dif-
ferent cultural influences than those
who were enrolled in the school system
for the full nine years. The applicabil-
ity of our results to children who have
moved and slow learners is a topic for
future research. We used only the rec-
ords of the 1713 children which are com-
plete on all the independent variable,
Table 1 (see top of next page)

lists the variables used in w%, with

their means and standard deviations,

The Sex variable is scored 2 for
female, 1 for male. SES 1s measured by
the Hollingshead (1957) Two Factor Index
of Soclal Pésition,which assigns each
individual an index value acccrding to
occupation and education (with occupa-
tion weighted more heavily). Hollings-
head (1957:10) suggests that social
class position be determined on the
basis of index score as follows,

Table 2

Relation of Social Class
to SES Index as
Suggested by Hollingshead

Social Class Range of SES Scores

Upper 1 11.17
II 18-27

III 28243

v Lu-60

Lower v 61=-77

flotice that the higher the Social Class,
the lower the SES index. SES of perers
is the average SES for all Kindere
garteners in the schocl of the child.
Because pPittsburgh in 1962 had neighbor-
hood kindergartens, we take this vari=
able to represent the SES of the neigh-
borhood the child was raised in. [he
head of household variable {s srorea -1
if both parents are in the house, 1
otherwise. Race of student 18 scored 0
for white and 1 for non-white, None
whites in Pittsburgh are almost entirely

/




variable Name

1 Constant

e Sex

5. Number of Siblings
4, SES of parents

5 SES of peers

6 Head of Household
7. Race of Student

8 4 Black in School
9. Race % Black

1¢. (% Black in School)2
11. Race . (% Black)?

black. % black is the school average of
the pace variable, multiplied by 100.
Thus the proportion of non-whites in our
sample (55%) approximates the sample
average progortion of non-whites in the
school (35.44). If each school had the
same proportion of blacks, the standard
deviation of percent black in school
would be zero. In a completely segre-
gated system which has a school average
of 35.4% blacks, the standard deviation

would beV/[35.0). (64.6) = 47.8, Thus
the-actual standard deviation of 39.0
{s evidence of a high degree of segre=-

agatlon, :

nnnnnnnnnnnnnnnnn

Table 3 glves., g dross-tsabulation
.f SES with race for the entire group
of 2,067 students.
Table 5
Cross=-Tabulation of
Students by SES and Rece

Index Score cf Social Position

Race 11-37 38-57 58-77 TOTAL
placks Number 3~ 182 663 875
¢ of Blacks 5 21 76 100
Whites Number 268 502 422 1192
4 of Whites 23 42 35 160

Table 3 shows that there is a
relaticnship between race and SES, with
blacks having higher SES, and hence
lower class, than whites. In the &roup
of 1713 children chosen for irtensive
analysis., the correlation between race
and SES of parents is .41,

The remaining three variables are

higher order terms and interactions
of the previous ones.

5

Table 1. Variables Used in Kindergarten Equation

Mean Standard Deviation
1.0 0.0
1.51 C.50
2.74 2.06
53.02 14,32
53.24 ©9.23
-.75 .65
. 380 . 486
35.4 39.0
29.3 4o.8
2775. 3786.
2521, 3823,

Table 4 1lists the variables used

in wf, with their means and standard

deviations

Table 4),

Variables 1, 2, 3, 4, 6,and 7 are
the same as in kindergarten. However
because school-mates need not be the
same a8 in kindergarten, variables 5, 8,
9, 10 and 11 are not the same. Variable
3 is actually the number of siblings
when the child entered kindergarten, and
for that reason does not change in hth
grade., Variable 12 is the student-
faculty ratio of the school of the
child, averaged over the five yeare from
kindergarten to 4th grade. Variable 14
is the change in the percent of hlacks
in the school from kindergarten to
fourth grade, and variable 15 is vari-
able 14 times variable 7.

The variebles used in the sixth
and eighth grade equations were the
same as the fourth grade3, and are
given bel®w in Table 5.

(see top of next page for




Table 4. Variables Used in 4th Grade IQ Equation

. Variable Name Mean Standard Deviation
1, Constant 1.0 c.0
2. Sex | 1.51 0.50
5. Number of Siblings 2.74 2.06
4, SES of parents 55.02 14,32
5. SES of peers 55.33 9.37
6. Head of: Household Missing -.75 .65
7. Race of Student . 380 . 486
8. % Black !n School 35.5 38.4
9. Rdce -% Black . 29.5 bo.5
10. (% Black)? | 2735. . 3L
11. Race - (% Black)? | o 2514, 3759.
12. Student-faculty ratio, K to 4 32.5 2.96
13. # changes of school, K to 4 1.89 1.0%
14. & 4 Black, K to 4 .26 18.2
15. Race - (4% Black, K to 4) .21 14,4
Table 5. Variables used in 6th and 8th Grade Equations
6th 8th

) Standard Standard

Variable Name Mean Deviation . Mean Deviation
1. Constant 1.0 0.0 1.0 0.0
2. Sex 1.51 .50 1.51 +50
3. Number of Siblings 2,74 2.06 2.74 2.06
4, SES of parents . 53.02 14,32 53.02 14, 32
5. SES of peers 53.21 9.30 53.30 9.09
6. Head of Household Missing -.75 .65 -.75 .65
7. Race of Student . 380 .u86 .380 . 486
8. % Black in School 35.9 39.8 34.9 35.7
9. Race -% Black 29.8 41.6 26.7 38.9
16. (% Black)? 2878. 3913, 2490. 3617.
11.  Race (% Black)? 2619. 3942, 2220. 3688,
12, Student-faculty ratio 29.1 3.69 23.4 4,42
13. - # changes of school .13 .37 81 .58
14, A% Black 45 13.4 -.69 17.64

15.  Race -4% Black -.Ug 11.2 -1.97 13.87




5. RESULTS

¥, the estimate of the covariance

matrix V, 1s a consistent estimate of
Vv under this model. We obtained
236,2  -145.7 0 0
- -145,7 168.4 -27.3 0
0 -27.3 65.6 -21.8
0 -21.8 61.2
_ ° =
From ¥, the following consistent esti-
mates can be derived: 4
o st 5! = 70.5
2. 27.3 52 = 0
" . “5 -
2 21.8 4 c 4 = 16.5
o 4+ 7T = 39,4

The first thing that strikes one about
these es.imates is that §° is surely

too low, that o' 1s probably too low,
and that both are consequenceés of %

being too high. Were 7 close to the
anticipated value of 25 or so, 8% would

be close to 200, and 8° would be about
120, which is high but not unreasonable.

These results reveal a weakness in our
model. Quite possibly there 18 non-in-

1 1

dependence between ¢ aﬁd e2, u®  and

u2, or between the ¢'s and u's., We
leave these possibilities as topics for

future research. Any fuller parametri- -
zation of ¥ 1involving zeros where we

have put them will lead to § being a
consistent estimate for Y, “and hence
our estimates of the regression coeffi-
cients would still be consistent and
asymptotically efficient. As a result,
despite this weakness in the model ywe
think the regression coefficienta given
in Table 6 may be of some interest.

Caution should be exercised in the
interpretation of the race and percent-
blacks-in-school variables because of
the presence of higher-order terms in
different ways below.

A few things stand out from Table 6.
Firsty the results on the sex variable

indicate that women have an advantage
through bth grade which 1s lost by the
time Oth grade is completed. This is in

accord with literature that women mature
physically more rapidly than men, al-
though the faster pace of loss between
6th and 8th, compared to 4th to 6th, in-
dicates the rossibility of negative rela-
tive conditioning of women around intel-
lectual matters.

To help the reader understand which
coefficients are important and which are.
not, we calculate below in Tables 7 to
10 the predicted IQ of a white student

Table 6. Regression Estimates and Estimated Deviations
e e S I N
1. Constant 128.4 2.84 -10.24 3.40 10.96 2.28 2.02 2.18
2. Sex 2.4y LTU5 1.28 630 -1.621 .394 -1.80 . 380
5. # siblings -.474 188  -.168 .159  -,126  .0996 -.0302 .0Q6U
SES parents -.208 ,033 0696  .0280 -.0282 ,0178 -.0439 .0168
5. SES peers -.148 ,061 -.124  ,0479 -,0832 .0324 -,0192 .0318
6. Head of household -.747 .578 . 229 . 490 . 256 .306 -.181 . 295
missing
7. Race -7.04 3,02 9.68 2.77 -1.84 1.58 .430 1.53
8. 4 Black -. 00078 .0700 .0987 .0588 .0112 L0380  -,062% .0391
7. Race + % Black -.00391 ,118 -.264  .1C, .0363 .0668 -.0807 .0643%
10, (4 Black)2 =, 00009 ."009C =.00108 .oooeé -.00C05 ,CCo5 »00CU1 .ooosg
11. Race - (% Black)?  «.00003 .C0116 .00239 .00102 -.00C37 .. 0067 .0C(Th  .COLT2
12. st/fac ratio .0970 .07%2 -.00895 .0559 .0u81 .0u86
15, # school changes .0593  .207 -.540 467 L1109 334
14, A(4 Black) .0259  .0206 -.0235 .0256 -.0234 .0177
15. Race - [A(% Black)] -.0158 .0260 .0350 .0298 .0439 . 0229

n




While this
latter method of analysis is popular, it

with all exogencus variables at the mean levels for the estimates.
for a white student and the predicted I9
for a black student at the mean for

blacks. An alternative method of analy-

sis would be to compute significance

i{s also misleading (Kadane (1973)). For
this reason we choose to weight most

heavily the analysis of Tables 7 to 10,

Table 7. Effect of Kindergarten Regression Coefficients
on Mean Black and Mean White Student
Contribution Contribution
L Variable Regression Black White to Black to White "
——— Coef, Mean Mean Score Score A
1. Constant 128.4 1 1 128.4 128. 4 0
2. Se - 2.44 1.54 - 1.49 3.76 3.64 -.12
5. # siblings =474 3.29 2.412 -1.56 -1.14 42
4,  SES parents  ...-.508___ 60.47 48,547  -12.58 -10.10 2,48
5. SES peers K -.148 60.25 ° U49.0u6 -8.92 -7.26 1.66
6 Head of Household ~
Missing - T47 -.663 -.813 .50 . 61 .11
7. Race -T.04 1 o] -7.04 0
8. % Black -.00078 77.17 9.806 -.06 -.01
9. Race *% Black -.00391 77.17 0.0 -.30 0 b 8.14
10. (% Black)2 -.00009 6634.06 402.77 -.59 -, 04
11. Race * (% Black)2 -.00003 6634,06 0.0 -.20 0
Total 10T. 41 114.10 = 12.69
Tt O T hen arade o Mean R ogfrictents of Change from Kindergarten
Contribution Contribution
Regressicn Black White to Black to White
Variable — Coef., Mean Mean Score Score A
1. Constant -10.238 1 1 -10.24 -10.24 b)
2. Sex 1.28 1,54 1.49 1.97 1.91 -.06
5. #siblings -.168 3.29 2,412 -.55 -4 .14
.4,  SES parents -+ 0696 60. 47 48,547 -4,21 -5.38 .83
5.  SES peers 4 -.124 60. 30 49.143  -T7.48 -6.09 1.39
6. Head of Household .229 -. 663 -.813 -.15 -.19 -. 04
Missing ....... -
7. Race 9.68 1 0 9.68 0
8. 4 Black K-4 0987 77.64 9.608 7.66 .95
%. Race +$ Black -. 264 77.64 0 -20.50 o -4.18
10. (% Black)? -.00108 6615.23 351.98 -7.1L . 38
11. Race (% Black)2 « 20239 6615.23 O 15.81 o
12, Stggﬁnt/Fac. Ratio.097o 31,24 33.299  3.03 5.23 .20
t3. # Chaneed in .0593 2.13 1.733 .13 .10 -.03
14, A% Black K-4 . 0259 . 545 -.93 .01 .02 .01
15. Race - (A% Black) -.0158 545 0.0 -.01 o ____ 01
Total -11.99 -13.72 -1.73



Table g,

Effect of Regression Ccefficients ¢f Change from

bth to 6th Grade on Mean Rlack and Mean White Student

Contribution Contribution

Regression Black White to Black to White
Variable Coef'. Mean Mean Score Score A
1. Constant 10.96 1 1 10.96 10.96 0
2. sex -1.621 1.54 1.49 -2.50 -2.42 .08
3, ¢ Siblings -.126C 3.29 2.412 -. 41 -.30 .11
L, SES parents -.(282 60,47 8,547 -1.71 -1.37 .34
S, SES peers 6 -. 0832 59.82 Lg,243 4,98 4,10 .88
. Head of Household .256 -.663 -.813 -.17 -.21 -. 04
Missing
7. Race -1.84 1 0.0 -1.84 ¢ h
3, 4 Black 56 .C112 78.49 9.822 .88 11
9. Race % Black L0363 78.49 0.0 2.85 0 S 1.07
1¢, (4 Black)® -.0C0048  6891,77  U412.65  -.33 -.02
11. Race - (¢ Black)® -.000369  6891.77 c¢.0 -2.54 0 _
12, Student/Fac.
Ratio 5-6 -. 00895 27.26 30.314 -. 24 -.27 -.03
13. # Changes in Jch.
4-F -.540 170 109 -.(9 -.06 .03
14, &(% Black) L-€ -.0235 -1.29 1.538 -.03 -.04 -.01
15. Racee[ A(%Black)] . 352 -1.29 0.0 .05 C.0 -.05
Total =0.1 2,28 2,38

Using the 2 column especially,
«ne can see that some variables do not
matter much in their contribution to the
»Xxplanaticn f differences between
black and wnite I3 scores, while .thers
matter a great deal. We have lumped all
.f the variables dealing with race and
ntegrati n tcgether.

de find Table 11 belcw to be an in-
t'. rmative summary cof Tables 7 to 1¢. In
‘t, we calculate cumulative effects
rather than the effects due to differ-
»°nicesy, and we lump the two SES variables
togetaer,

Table 11, Cumulative Effects
«t CED versus Kace-3egregaticn on
tnhe Difference in 1( Between a

Mean White and a Mean hlack
K htn  Ath 8tn
CELS 4oL FLi6 7,08 8,30
Racee'egregaticn 8.14 3,96 5,03 '7.29
et f  ther: L H4 .55 .88
ictal 12,69 10,96 15,14 16.47

7"

Thus the SES variables account for
about a third of the difference at
kindergarten, and for more than half the
difference at 4th grade and beyond. Note
that these calculations are done for
fictional persons: a black whose demo-
graphic and environmental variables are
at the mean for all blacks, a white
whose demographic and environmental var-
fables are at the mean for all whites.

Finally, we present a highly tenta-
tive analysis of the linear and quadrat-
fc terms of the degree of integration
variables (% Black) from Table 6. Again
we use the cumulative effects, which we
compute separately for whites and blacks.




Table 10. Effect of Regression Coefficients of Change from 6th to 8tnh
Grade on Mean Black and Mean White Student

Contribution Contribution

Regression Black whit
Variable Coef. Mean Meane t°sgi3§k tosggize 4
1 Constant 2.02 1 1 2.02 2.02 0
20 Sex -1080 1.5b 10“9 -2077 -2068 009
3 ¢ Siblings -.0302 3.29 2.412 -.10 -. 07 .03
4. SES parents -.0439 60,47 u8.547  .2,65 -2.13 .52
5. SES peers 8 -.0192 59,84 L9, 369 -1.15 -.95 . 20
6. Head of Household -.181 -, 65 - p
MLsopng 663 813 1z .15 .03
7. Race 430 1 0 U3 0 3
8. 4 Black 7-8 -.0623  70.18 13.375 4,37 -.83
9. Race -4 Black -.0807  70.18 0 -5.66 0 2.26
10. (¢ 3lack)? +00C406  58u2,23 448,93 2.37 .18 f
11. Race . (% Black)? .000739 s8u2.25 o 4,32 c
12. Student/ Fac. 0481 . '
13, # Changes in
Sch. 6-8 109 1,654 .135 .18 .08 -.10
14, A(% Black) 6-8 -.0234  .5,18 2.310 .12 .05 -.07
15. 'Race -(4(% Black)].o439 -5.18 0.0 -.23 0 23
Total -6.33 -3.0 5.33

Table 12, Cumulative Effects of Dégree of Segregation/Integration
on the IQ's of Black and White Students

Whites
Maximum

Linear Quadratic Best Worst effect
Kindergarten -0.00078 -0,00009 ) 100 .98
Fourth grade . 0979 - .00117 b1.8 - 100 3.95
Sixth grade .1001 - .00122 by, 7 100 3.73
Eigth grade .0L68 - .00081 28.9 100 4,10
Blacks
Kindergarten - .00469 - .00012 0 100 1.67
Fourth grade - .170 . 00119 0 7.4 6.07
Sixth grade - 122 . 00077 0 79.2 4,83
Eighth grade - 0265 000192 O 69.0 901“




dren 3 IQ. For example, some schools
have experimented with open classrooms;
this kind of analysis would be appropri-
ate for finding out what effect such a
change would have.

We intend to explore several kinds
of further analyses on this data set.
First, we plan to find out what we can

The magnitude of the et'fect at
kindergarten i{s small and can be dis-
regarded. But the effect of segrega=
ticn grews, becoming very serious indeed
tor blacks, especially by eighth grade.
Recause we are aware of the highly con-
tentious areaithese results have iedius
tc, we emphasize that these calculations do to
are highly tentative and speculative. 1713 tgaégg7og; :gf:;t;:;e:ﬁTgéea€53T

ne reason we are unsure of these missing independent variables., Second
results i1s that in as highly segregated we would like to include an analysis
a system as pPittsburgh had, we have . of achievement test sccres, and data on
little data for blacks In mainly white tardiness, absence, health and behavior
schools and vice-versa. This led to marks, and gredes. All these variables
large standard deviaticns, especlially should be endogenous, and perhaps should
on the quadratic terms. The optima are also enter the IQ equations. Third, we

the ratio of the linear term to twice
© would like to look further i the
the quadratic, and thus the uncertainty variance-covariance matrix egtgmation.

is magnified. Perhaps new data gathered" Fourth, it would be nice to have varie

on students who have been through a ables for the sex of teachers, and to

more integrated school experience would estimate teacher quality. Also, we plan
k . 'y

help us estimate these effects better. to re-estimate the parameters using the

maximum likelihood method. Finally, we

€. CONCLUSION could investigate the estimates of true

There are several kinds of con- I3 s, the X's, induced by our model.
clusions to thig paper. OCne is the Perhaps in a few years' time we might
specific interpretation of this data collect a similar body of data again,
set glven in section 5. A second is
that the kind of mcdel we have used can 2§¥e22a§n13f§§§§3§§2 181?052u¥éd§-
be used to ascertain the effect of any interesting to see 1% its effectse
environmernital Change on school chile are nredicted well by our model.
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